Functional connectivity (FC) analysis of fMRI data typically rests on prior identification of network nodes from activation profiles. We compared Activation Likelihood Estimate (ALE) and the Experimentally Derived Estimate (EDE) approaches to network node identification and functional inference for both verbal and visual forms of working memory. ALE arrives at canonical activation maxima that are assumed to reliably represent peaks of brain activity underlying a psychological process (e.g., working memory). By comparison, EDEs of activation maxima are typically derived from individual participant data, and are thus sensitive to individual participant activation profiles. Here, nodes were localized by both ALE and EDE methods for each participant, and subsequently extracted time series were compared using connectivity analysis. Two sets of significance tests were performed: (1) correlations computed between nodal time series of each method were compared, and (2) correlations computed between network edges (functional connections) of each network node pair were compared. Large proportions of edge correlations significantly differed between methods. ALE effectively summarizes working memory network node locations across studies and subjects, but the sensitivity to individual functional loci suggest that EDE methods provide individualized estimates of network connectivity. We suggest that a hybrid method incorporating both ALE and EDE is optimal for network inference.
performance Owen, McMillan, Laird, & Bullmore, 2005) . Our goal was to compare two distinct methods of network node identification: (a) the widely-used Activation Likelihood Estimates (ALE), an established and powerful tool for discovering task-related activation maxima through data aggregation (Eickhoff, Bzdok, Laird, Kurth, & Fox, 2012) ; and (b) Experimentally Derived Estimates (henceforth called EDE) of activation peaks in individual-subject data recorded in verbal or visual working memory experiments.
Working memory, or the ability to temporarily maintain and update information about stimuli to perform a task (Baddeley, 1992 ) provides a useful domain for these methodological investigations because multiple fMRI studies have converged on a reasonable understanding of its functional neuroanatomy (Cabeza & Nyberg, 2000; Diwadkar et al., 2013; Owen et al., 2005) .
| Overview of ALE and EDE approaches
ALE is a well-established and widely employed meta-analytic methodology to determine aggregated task-related fMRI activation loci from multiple studies of the same cognitive function (Bzdok et al., 2013; Cortese, Castellanos, & Eickhoff, 2013; Wager, Lindquist, & Kaplan, 2007) . The method provides spatial likelihood estimates of activation clusters from fMRI data collected by different groups in repeated neuroimaging studies of a specific cognitive domain ).
The key idea behind ALE is to treat common activation loci as centers for three-dimensional Gaussian probability distributions that capture the spatial uncertainty associated with each locus reported to be activated in the cognitive function. This uncertainty is determined from empirically reported activation data, aggregated across many different studies. The ALE algorithm weights the between-subject variance by the sample size of the studies entering the analyses. Studies with larger sample size are assumed to provide more reliable approximations of activation effects, and are therefore modeled by narrower Gaussian distributions (Eickhoff et al., 2012) .
Though ALE treats individual differences in activation loci within a probabilistic framework, the method, by its very nature, does not explicitly utilize individual differences in activation loci for network analyses. This feature limits analysis because it excludes brain network interactions that are highly flexible and individualized (Bassett et al., 2011; Stevens, Tappon, Garg, & Fair, 2012) . For example, FC in resting-state (rs) networks that include heteromodal association cortices is known to be highly variable across subjects (Mueller et al., 2013) . We infer that such inter-subject variability is very likely also present in task-related processing (Hermundstad et al., 2013; Park & Friston, 2013) .
Alternatively, EDEs of coordinates are based on the activation maxima of individual participants within an experiment. The EDE approach locates network nodes at the activation maxima of each individual participant, rather than at single maxima for all participants.
Our goal here was to compare ALE and EDE methods of network node identification for subsequent use in network analysis. Notably, both ALE and EDE approaches are conducted after translation to stereotactic space, and neither can suitably account for individual differences in structural neuroanatomy. Therefore, our focus was not on how individual differences in structural variation are expressed in fMRI activation. More specifically, we were trying to account for differences between methods that, in stereotactic space, define nodes based on fixed loci (ALE) or on individual differences in activation loci (EDE). In assessing this question for networks underlying working memory tasks (both verbal and visual), our analysis expands beyond previous explorations, which, to our knowledge, have been primarily directed at the analysis of resting-state fMRI data (Sohn et al., 2015) .
| METHODS

| Participants
Data from two unique datasets were submitted to analyses: (a) Verbal n-back: Twenty-eight healthy individuals provided informed consent, or written assent, to participate in the study (Mean age: 19.25 years;
Age range: 17-23 years; 14 males). All participants were recruited through community-based advertisements, and all experimental procedures were approved by the Human Investigative Committee at the Wayne State University School of Medicine. (b) Visual n-back data from the Human Connectome Project (HCP) database: Due to the limited statistical power of our first (verbal working memory) experiment and its relatively low participant count, task-based fMRI scans from the visual working memory task of HCP database were submitted to our analysis pipeline to validate our primary findings. The use of the HCP database and its working memory fMRI scans was motivated by the fact that the HCP database uses an n-back working memory task, though it is visual, as opposed to a verbal n-back, and the sample size in the HCP dataset is significantly larger, permitting us to explore replications of the primary analyses. As a criterion for inclusion in our analyses, participants from the HCP dataset were required to (i) have been considered to be behavioral proficient on the task, (ii) have been in an age range as close to the primary study (17-23 years) as possible. The resultant age range used (22) (23) (24) (25) , and the additional criterion, yielded 182 participants from the HCP dataset.
Raw HCP fMRI data were downloaded and submitted to the same processing pipeline shown in Figure 1 .
| fMRI data
(a) Verbal n-back data: Functional MRI (fMRI) BOLD-contrast time series data collection was performed by gradient echo planar imaging (EPI) on a 3 T Siemens Verio system using a 12-channel volume head 
| Task and data preprocessing
(a) The verbal n-back fMRI data were acquired while participants engaged in an n-back working memory task Diwadkar, Asemi, Burgess, Chowdury, & Bressler, 2017) . Letter stimuli were projected in sequence (Presentation Time: 500 ms; ISI:
2,500 ms) with subjects signaling by button press if the letter was a target letter (0-Back condition), or identical to the one shown two let- All fMRI BOLD data (verbal and visual n-back) were processed employing established methods for temporal preprocessing (slice timing correction), followed by spatial preprocessing in SPM8. In spatial preprocessing, the echo planar images were manually oriented to the AC-PC line with the reorientation vector applied across the echo planar image set, realigned to a reference image to correct for head movement, and co-registered to the anatomical high resolution T 1
image. This high-resolution T 1 image was normalized to the Montreal Neurological Institute (MNI) template, with resultant deformations subsequently applied to the co-registered EPI images for normalization. Low-frequency components were removed using a low-pass filter (128 s) and images were spatially smoothed using a Gaussian filter (8 mm full-width half-maximum [FWHM] ). Subjects' head motion for all analyses was within accepted limits (<4 mm) and in all first-level models, the effects of motion were modeled including the six motion parameters as covariates of no interest.
| Coordinate identification
(a) Verbal n-back: Initial coordinate locations for the ALE network were compiled from a previously published meta-analysis of 24 unique verbal n-back working memory studies (Owen et al., 2005) . The loci therein were compared with those in the BrainMap database (Eickhoff et al., 2012) for verification, given that BrainMap is considered a canonical repository for activation peaks. Using the Sleuth ) and GingerALE programs in BrainMap (Eickhoff et al., 2012) , the following search criteria were established to isolate relevant studies: (a) working memory (domain), (b) n-back (behavioral task), and (c) letters (visual stimuli). This comparative search identified a total of 66 unique studies.
However, 51 of these studies also included (or were from) diseased cohorts, and therefore violated our criteria for inclusion. excluded because their corresponding EDE location of maximal activation was already paired with another ALE location, because in mapping ALE coordinates to anatomical regions (a pre-requisite for the EDE approach), we restricted ourselves to a single maximum in an anatomical region (considering the single maxima as representative of the region). These 13 coordinates gave the locations of ALE-defined nodes, that were subsequently used to assess network functional connectivity, and also provided constraints for coordinate identification in the EDE method. This constraint was applied as follows: Using the Automated Anatomical Labeling (AAL), a regional label, reflecting a region of interest (ROI), was assigned to each ALE location (Maldjian, Laurienti, Kraft, & Burdette, 2003) . Then, these ROIs were used as the spatial regions from within which EDE coordinates were located at individual-subject activation maxima. As a result, an EDE coordinate for each participant was assigned within the same ROI as the ALE-identified activation peak.
(b) Visual n-back: Assessment of the Owen et al. meta-analysis was re-evaluated using their published nine nonverbal clusters. Using the BrainMap database and its associated programs (Sleuth and GingerALE) the following search criteria were utilized in order to identify the list of studies from which to conduct the ALE: (i) working memory (domain),
(ii) n-back (task), (iii) any stimulus from the HCP list or within the Owen et al. nonverbal category. Of the resulting 37 articles, 27 were discarded as they used atypical cohorts. Using the same parameters as described in the verbal n-back description, ALE found no clusters. Therefore, the nine clusters described from Owen et al. were used as the ALE nodes for the visual n-back portion of the current investigation.
As described in the verbal n-back portion of the investigation, the coordinates of the ALE-defined nodes constrained the mapping to the regions of interest (based on the AAL labeling scheme) to obtain the EDE-defined node. The entire procedure is depicted in Figure 1 .
| Node localization
Network nodes were localized at coordinates identified by the two methods, resulting in networks having nodes in the same ROIs. Each node was defined as a sphere with a radius of 3 mm. Both networks were from the 2-back condition, allowing us to test hypotheses about the relation of network time series metrics to active working memory states. Time series representing the first eigenvariate from the effects of interest contrast (p < .05) were extracted from each node for each participant to represent activity across modeled conditions in the experiment. These were submitted for subsequent uFC analysis. If the ALE-identified coordinate did not reveal a significant activation for any participant, the most proximate supra-threshold peak within a search radius of 10 mm was used instead. If no activation peak was found within 10 mm, time series for the ALE node were not reported for that participant.
| Time series analysis
Both the verbal and visual n-back time series analyses compared working memory networks created by the two methods, with the aim of determining significant differences in network characteristics between them. Thus, time series analysis tested whether or not ALE and EDE network nodes were identical.
Time series analysis was applied in two different ways. In the first approach, the Pearson zero-lag correlation between nodal time series from the two methods was computed. If the correlation coefficients were found to be significant, it would suggest that estimates of functional dynamics were similar regardless of method. Correlations were taken from the 169-element correlation matrix (for the verbal n-back task) or 81-element correlation matrix (for the visual n-back task)
representing all possible ALE-EDE node pairs. Diagonal values within the matrix were used to compare time series created by the two methodologies from nodes in the same anatomically bounded areas.
The Fisher Z transformation was applied to each correlation coefficient prior to statistical analysis.
In addition, we assessed whether the Euclidean distance between the ALE and the corresponding EDE-defined node predicted the strength of the Pearson correlation coefficient between the time The ROIs housed the nodes for each of the two methods used in this study. Each node's spatial coordinates, from the Montreal neurological institute (MNI), are listed in the last three columns, and the respective Brodmann area (BA) in which the node resides, for the neocortex, is shown in the second column. 1.1 represents ROIs found with verbal stimuli while 1.2 represents ROIs found with visual stimuli.
series from corresponding nodes derived from the two methodologies. Euclidean distance is a simple estimate of the distance between node locations in three-dimensional stereotactic coordinate space and has been viably used to calculate the distance between subject's local maxima in previous studies ). Thus, these analyses were designed to address whether a simple distance metric might account for putative differences in estimates of time series correlations between corresponding nodes. This would constitute evidence that time series estimates are predicted by a simple spatial distance metric. Effect size (Cohen's d) was used to estimate the strength of the correlation, as it is a useful heuristic for assessing the magnitude of a Pearson correlation coefficient (Cohen, 1988) 2.7 | Behavioral proficiency and network metrics for ALE and EDE-derived networks for the verbal n-back 3 | RESULTS localized, establishing the space in which the EDE local activation maximum was localized for time series extraction. In effect, Figure 3 highlights the heterogeneity in the functional loci of activity for each of the ROIs in each of the participants.
| Brain activations during working memory
| Comparison of ALE and EDE time series
In order to assess whether ALE and EDE nodal time series represented similar functional information in the working memory domain, intraregional correlations between the two methods were assessed. 
| Comparison of ALE and EDE network edges
Between-method differences of the initial experiment (verbal n-back) in the estimated network edge values (uFCs) were compared by computing the paired t-test between network edges generated by the two methods (across participants). results. An across-subject, between-methodology paired t-test on the randomization results showed that, with 100 iterations, only 2 edges on average were significantly different by chance, a number well below the 15 edges that differed in the veridical results.
After identifying network edges that significantly differed between the ALE and EDE methods, we next sought to identify the regional sources of those differences. To do this, each network was first categorized into the following sets of sub-regions: left and right hemisphere, anterior and posterior regions, and cortical and sub- 
| DISCUSSION
This study was conducted with the aim of comparing differences regarding network interactions between nodes, wherein nodes were identified based on ALE or experimentally derived estimates (EDE).
On balance, if differences in how nodes are identified do not exert effects on inferences regarding network interactions between them, we would expect similar profiles of working memory networks identified using ALE and EDE methods. Specifically, we would expect time series to be strongly correlated, particularly as the distance between the ALE and corresponding EDE defined nodes decreases.
In this section, we first list the principal results of our analyses.
Following this, we argue that ALE approaches can guide the search space for network node identification in individual data sets, and that identification of nodes in this space can be subsequently "tuned" by being sensitive to individual activation loci. Figure 1 outlines how this approach might be viable.
Our principal observation was that, as seen in Figure 2 , the activation maxima from a group-level, random-effects analysis based on EDE analysis were distinct from those maxima obtained based on ALE analysis. This result was obtained both for verbal working memory (n = 28) and visual working memory (n = 182). Furthermore, as seen in Figure 3 , individual activation loci were (as expected) spatially dispersed within the anatomical region of interest to which the ALE loci
The spatial distribution of network nodes derived from EDE from the primary analyses (verbal n-back) is depicted. In a series of lateral views, we depict the individual loci derived for each of the 28 participants in each region of interest (ROI). The anatomical regions are shaded and each depicted sphere (blue) represents a single participant. The red sphere within each ROI (not always visible) represents the corresponding ALE coordinate. As seen (and expected), individual maxima are spatially dispersed within any ROI, evidence of variation across subjects in the location of activation peaks within each ROI during working memory. A corresponding figure for the visual n-back is not tractable because of the substantially larger sample size [Color figure can be viewed at wileyonlinelibrary.com]
were mapped (see the methods followed in the flowchart of Figure 1 ).
These effects reinforce the idea that individual functional profiles have uncertain spatial correspondences in anatomical space (Brett et al., 2003 ). An ANOVA, and subsequent post-hoc tests, of the mean distances of the three effect sizes only showed that the mean distance of the large effect size group was statistically different from the other two. It was noted that corresponding nodes whose profiles were highly correlated (i.e., had a Large effect size) were often as distant in space as corresponding nodes whose profiles were poorly correlated (i.e., had a Small effect size).
Significant ALE-EDE differences persisted in the secondary analysis (n = 182 subjects, HCP) where 77% of network edges in secondary analyses were significantly different. Correlating the network measure (defined as a subject's clustering coefficient) with the behavioral performance of the verbal n-back (defined as the subject's d-prime), indicated that the EDE methodology was more predictive of behavioral proficiency.
These results are the first to offer an assessment of differences between node identification methods in task-based fMRI data, and are consistent with Sohn et al. (2015) resting-state investigation. That investigation showed that subject-specific, resting-state FC networks have higher correlations and lower variance than networks created using canonical coordinates from meta-analyses found in the literature.
Like our study, Sohn et al. demonstrated that the method used to determine node location (group-based vs. subject-specific) affects subsequent functional connectivity analysis. In their study, this difference affected understanding of how aging impacts resting connectivity.
| Data aggregation, individual variation, and network profiles
As our results imply, node identification for FC analysis based on data aggregation methods such as ALE produces FC results that are substantively and systematically different from node identification methods that are responsive to individual differences. Different parcellation between ALE and EDE node time series is color coded. As is evident, a range of correlation strengths is revealed. (c) To parse these sub-networks we detail the effect size for the time series restricted to the same anatomical ROI, that is, the diagonal. That is, when ALE and EDE time series are restricted to the same ROI, the ALE-EDE nodal correlations have large effect sizes. The mean Euclidean distance (across subjects) between network nodes is overlaid for each ROI [Color figure can be viewed at wileyonlinelibrary.com]
inter-subject variability and the presence of functional heterogeneity across individuals. Methodologies which localize nodes through a voxel-voxel analysis can also account for individual differences within functional networks. Stanley et al. (2013) , specifically due to the lack of ROI functional homogeneity, advocated a voxel-wise approach that uses the least amount of a priori information to create a given network, rather than constructing networks from anatomical atlases (Stanley et al., 2013) . Machine Learning techniques have also been used to construct brain networks and provide a rapid whole-brain analysis with little a priori information required (Hacker et al., 2013) .
As Figure 1 implies, "hybrid" approaches to this question may be valuable and may help in reconciling the different assumptions of the two methods. In effect, the pipeline implicitly advocates such a method. In this framework, methods such as ALE could be used to map robust activation loci in a task-related domain to anatomical
ROIs. In the current investigation, these ROIs were defined based on the AAL scheme (though other deterministic and probabilistic schemes exist) (Eickhoff et al., 2005) . The ROI then effectively serves as a search space within which individualized activation maxima can be localized. This hierarchical approach uses the strength of data aggregation to narrow the spatial window of activation but retains the element of individual variation in identifying precise loci.
| Network divergence exists at critical nodes
An interesting element of the results observed in Figure 6 was the presence of the parietal lobe as a common node in networks that differed in FC between ALE and EDE approaches. Several studies have noted the influence exerted by the posterior parietal cortex in the context of working memory, specifically in its role in information retrieval (Olson & Berryhill, 2009 ). The superior longitudinal fasciculus III connects portions of the inferior parietal lobule to areas of the premotor and prefrontal cortex (BA 6, 8, 9, 46) (Schmahmann & Pandya, 2006) . Olson and Beryhill (2009) Premotor Cortex (BA 6) only had two edges (15%) significantly differ between ALE and EDE working memory networks.
Since individuals exhibit unique topological network features (Gordon et al., 2017; Laumann et al., 2015) , techniques used to identify spatial coordinates prior to network construction should parallel the network characteristics. The use of subject-specific methods could bridge systems neuroscience and clinical neuroscience by representing more accurate brain networks as they adapt to an individual subject's functional profile. Figure 3 , showing the spatial range of activation maxima found in this study for each of the ROIs, reveals high inter-subject variability in activation maxima. As argued by Zilles and Amunts (2013) , characterizing variability across individuals is invaluable for understanding statistical maps in neuroimaging data, largely because these maps form functional "fingerprints" of the brain in action. In that sense, understanding individual differences in the brain's structural and functional neuroanatomy may inform questions of the brain's evolution and/or ontogeny (Mueller et al., 2013) . Large inter-subject variability has likewise been found in the structure of the brain's Brodmann areas (Amunts et al., 1999; Eickhoff et al., 2005) , even in the primary unimodal regions, such as BA17. By extension, we anticipate that individual differences in structure will only be amplified when brain regions are functionally primed for action.
Exploratory investigations relating network measures (ALE or EDE)
during the verbal n-back to behavioral proficiency (estimated using d 0 ), were suggestive of the superiority of EDE estimated networks. Across subjects (n = 28), the correlation coefficient between estimated cluster coefficients (a measure of functional network organization) for EDE derived networks was marginally greater than ALE measures (Supporting Information Figure S2 ). Our study was not optimized to address the relationship between network measures and behavior, but this effect motivates further investigation in future studies.
| CONCLUSIONS
Assessment of fMRI data now places increased emphasis on the discovery of network as opposed to regional function (Friston, 2011;  Stephan & Roebroeck, 2012). As a result, drawing inferences about how the brain works is now an endeavor more consistent with general FIGURE 6 (a) For the verbal n-back task, the orthoview shows the network edges where we observed significant differences in correlation between the ALE and EDE methods (p FDR < .05). The accompanying legend denotes the identities of the 13 ROIs. Undirected functional connectivity analysis revealed 15 significantly different edges, that is 19% of the total (15/78). The left inferior parietal lobule had the greatest number of significantly different edges (6) while the left frontal pole and right lateral cerebellum had no significantly different edges. (b) For the visual n-back task, the orthoview shows the network edges where we observed significant differences in correlation between the ALE and EDE methods (p Bonferroni < 0.05). The accompanying legend denotes the identities of the nine ROIs. Undirected functional connectivity analysis revealed 28 significantly different edges, that is 77% of the total (28/36) [Color figure can be viewed at wileyonlinelibrary.com] systems theory and complex systems techniques (Stephan, 2004) than with "neo-phrenology." Yet, with a surfeit of analytical choices that presage the process of inference from fMRI data (Silverstein et al., 2016) , like in all of network science in general (Butts, 2009) , choices made in defining networks, and the use of models for the discovery of network function can exert significant impact on subsequent inference. Our investigation revealed that a higher than chance percentage of network edges were significantly different between methodologies, wherein one approach explicitly accommodated individual differences in node identity, whereas the other relied on data aggregation for defining nodes.
Our investigations (in future iterations of which we will employ techniques for evaluating functional network organization including graph theoretic and topological assessment) suggest that network science in the service of uncovering human brain function will benefit from considering and accommodating the assumptions underlying different approaches to summarizing data prior to FC analyses. These issues become particularly pertinent in the study of disordered connectivity in clinical and neuropsychiatric syndromes such as schizophrenia. These syndromes are themselves characterized by a high degree of neurobiological heterogeneity (Brugger & Howes, 2017) , which if unincorporated in network analyses, is likely to have unpredictable effects on the process of clinical inference.
Cognitive neuroscience relies on the "universality assumption" that there is little qualitative variation in the architecture of brain systems that perform in a cognitive domain (Caramazza & Coltheart, 2006 ). Yet, as we have noted, anatomical and functional variation are ubiquitous in the human brain. Methods like ALE provide a strong platform for operationalizing the meta-analytic search for nodes across scores of studies, and can be used to guide the search for individualized activation loci in structural neuroanatomy. Once this is accomplished, inferences regarding network interactions may be better served by the analyses of time series from individualized activation loci.
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